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ABSTRACT
We empirically constrain how galaxy size relates to halo virial radius using new mea-
surements of the size- and stellar mass-dependent clustering of galaxies in the Sloan
Digital Sky Survey. We find that small galaxies cluster much more strongly than
large galaxies of the same stellar mass. The magnitude of this clustering difference
increases on small scales, and decreases with increasing stellar mass. Using Halotools
to forward model the observations, we test an empirical model in which present-day
galaxy size is proportional to the size of the virial radius at the time the halo reached
its maximum mass. This simple model reproduces the observed size-dependence of
galaxy clustering in striking detail. The success of this model provides strong support
for the conclusion that satellite galaxies have smaller sizes relative to central galax-
ies of the same halo mass. Our findings indicate that satellite size is set prior to the
time of infall, and that a remarkably simple, linear size–virial radius relation emerges
from the complex physics regulating galaxy size. We make quantitative predictions for
future measurements of galaxy-galaxy lensing, including dependence upon size, scale,
and stellar mass, and provide a scaling relation of the ratio of mean sizes of satellites
and central galaxies as a function of their halo mass that can be used to calibrate
hydrodynamical simulations and semi-analytic models.
1 INTRODUCTION
Many properties of observed galaxies exhibit remarkably
tight scaling relations. Galaxy size, typically quantified by a
half-mass or half-light radius, R1/2, has well-measured scal-
ing with galaxy mass M∗ in the local Universe (Shen et al.
2003; Huang et al. 2013; Lange et al. 2015; Zhang & Yang
2017), and at higher redshift (Trujillo et al. 2004; Huertas-
Company et al. 2013; van der Wel et al. 2014; Kawamata
et al. 2015; Shibuya et al. 2015; Huang et al. 2017).
Observational constraints on models for galaxy size typ-
ically come from one-point function measurements such as
〈R1/2|M∗〉 and σ(R1/2|M∗), e.g., Khochfar & Silk (2006);
Lang et al. (2014); Desmond et al. (2017); Bottrell et al.
(2017); Hou et al. (2017); Somerville et al. (2017), or other-
wise from catalogs of galaxy groups (Weinmann et al. 2009;
Guo et al. 2009; Huertas-Company et al. 2013; Spindler
& Wake 2017). More recently, the connection between a
galaxy’s size and the virial radius of its parent halo has been
explored by converting stellar mass to halo mass and virial
radius, using abundance matching (Kravtsov et al. 2004; Ta-
sitsiomi et al. 2004; Vale & Ostriker 2004, 2006; Conroy
et al. 2006). Such analyses have indicated that galaxy size
is, on average, proportional to host halo virial radius, both
at z = 0 (Kravtsov 2013), and higher redshifts (Huang et al.
2017; Somerville et al. 2017).
Observations of two-point galaxy clustering, wp(rp),
have historically been used to place tight constraints on
many features of the galaxy–halo connection, such as its
M∗−dependence (Moster et al. 2010; Leauthaud et al. 2012;
Reddick et al. 2013; Skibba et al. 2015), dependence on lu-
minosity (Kravtsov et al. 2004; Tasitsiomi et al. 2004; Vale &
Ostriker 2004, 2006; Tinker et al. 2005; Cacciato et al. 2013),
broadband color (Coil et al. 2008; Zehavi et al. 2011; Guo
et al. 2011; Hearin & Watson 2013), and star-formation rate
(Wang et al. 2007; Tinker et al. 2013; Watson et al. 2015).
In the present work, we exploit the constraining power of
wp(rp) to test empirical models connecting galaxy stellar
mass and size to the properties of the galaxy’s parent dark
matter halo.
The approach we take is to forward model the
R1/2−halo connection: we generate Monte Carlo realizations
of models using a high-resolution cosmological N -body sim-
ulation, and then make synthetic measurements in a manner
that closely mimics the measurements we make on observed
galaxies. We describe the dataset and simulations we use in
§2. Our forward-modeling methods are described in §3, with
supplementary material in the Appendix. All of our primary
results appear in §4, and their theoretical interpretation in
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§5. We contextualize our findings in terms of previous work
in §6, and discuss future directions in §7. We conclude the
paper with a summary of our principal results in §8.
2 DATA AND SIMULATIONS
The starting point for our galaxy samples comes from Data
Release 10 of the Sloan Digital Sky Survey (SDSS, Ahn et al.
2014), with stellar mass measurements taken from the MPA-
JHU catalog (Kauffmann et al. 2003; Brinchmann et al.
2004). Discarding galaxies with redshift z < 0.02, we de-
fine volume-limited, M∗−threshold samples by applying a
maximum-redshift cut zmax appropriate for the M∗ thresh-
old; we use the same zmax cut shown in Figure 2 of Behroozi
et al. (2015).
We supplement the MPA-JHU catalog with measure-
ments of half-light radius, R1/2, derived from galaxy profile
decompositions provided by Meert et al. (2015). The Meert
et al. (2015) catalog is based on Data Release 7 of SDSS
(Abazajian et al. 2009), with improvements to the photom-
etry pipeline and light profile fitting method and, especially,
in background subtraction (Vikram et al. 2010; Bernardi
et al. 2013, 2014; Meert et al. 2013). In the version of this cat-
alog that we use,1 two-dimensional r−band profiles were fit
with a two-component de Vaucouleurs + exponential profile
to determine the projected half-light radius of total r−band
luminosity, R1/2.
As the bedrock of our modeling, we use the publicly
available2 catalog of Rockstar subhalos identified at z = 0
in the Bolshoi-Planck simulation (Klypin et al. 2011, 2016;
Behroozi et al. 2013; Riebe et al. 2013; Behroozi et al. 2013;
Rodr´ıguez-Puebla et al. 2016). As described in §3.1, we use
traditional abundance matching to connect stellar mass M∗
with masses of halos and subhalos. To address issues related
to subhalo incompleteness (Guo & White 2014; Campbell
et al. 2017), we supplement the Bolshoi-Planck subhalo cat-
alog with subhalos that have been disrupted and no longer
appear in the standard catalog as z = 0 surviving subha-
los. We describe our treatment of these “orphan” galaxies in
the Appendix, where we also show results that exclude all
orphan galaxies.
For our SDSS galaxy samples, we calculate two-point
clustering wp using line-of-sight projection of pimax =
20 Mpc using the correl program in UniverseMachine
(Behroozi et al. 2017, in prep). The correl code uses the
Landy & Szalay (1993) estimator (DD−2DR+RR) to com-
pute the redshift-space correlation function ξ(rp, pi), which
is then integrated over |pi| < 20 Mpc to compute the pro-
jected correlation function wp(rp). The code uses 106 ran-
doms drawn from the same mask region with uniform vol-
ume distribution to compute DR, and RR is computed via
Monte Carlo integration. Errors are estimated by jackknife
1 Our M∗ and R1/2 measurements are derived from different pho-
tometry pipelines; this is driven by our desire for consistency with
the Behroozi et al. (2015) completeness cuts used in our cluster-
ing measurements. We note that we have repeated our analysis
for stellar mass measurements based on Meert et al. (2015), find-
ing only minor quantitative, and no qualitative changes to our
results.
2 http://www.slac.stanford.edu/˜behroozi/BPlanck_Hlists
resampling, giving us an estimate for the lower bound of
samples with volumes Veff . 0.3 Gpc3.
For mock galaxies, we compute wp using the
mock observables.wp function in Halotools (Hearin et al.
2017), which is a python implementation of the algorithm
in the Corrfunc C library (Sinha & Garrison 2017). We also
use Halotools to compute the galaxy-galaxy lensing signal,
∆Σ, using the mock observables.delta sigma function.
All numerical values of R1/2 will be quoted in physi-
cal kpc, and all values of M∗ and Mhalo in M, assuming
H0 = 67.8 km/s ≡ 100h km/s, the best-fit value from Planck
Collaboration et al. (2016). To scale stellar masses to “h = 1
units” (Croton 2013), our numerically quoted values for M∗
should be multiplied by h2, while our halo masses and dis-
tances should be multiplied by h.
2.1 Classifying large vs. small galaxies
Galaxy clustering has well-known dependence upon M∗,
which is not the focus of this work. We thus wish to remove
this dependence to focus solely on the wp(rp) dependence
on R1/2. To do so, we determine the value 〈R1/2|M∗〉median
by computing a sliding median of R1/2 for galaxies sorted
by M∗, calculated using a symmetric window of width
Ngal = 1000, keeping this window fixed for the first and last
500 galaxies. Each galaxy is categorized as either “large”
or “small” according to whether it is above or below the
median value appropriate for its stellar mass. We note that
this is analogous to the common convention for studying
the properties of “red” vs. “blue” galaxies, in which the two
subsamples are divided by a M∗− or luminosity-dependent
green valley cut (e.g., van den Bosch et al. 2008; Zehavi
et al. 2011), only here the R1/2 distribution is uni-modal,
not bi-modal.
Using this technique, for any M∗−threshold sample, the
stellar mass function of the “large” and “small” subsamples
are identical. We illustrate this for the particular case of
M∗ > 1010.25M in bottom left panel of Figure 1, which
shows stellar mass functions for the two subsamples. The
bottom right panel of Figure 1 compares histograms of the
two size distributions of these subsamples, which partially
overlap due to the variation in 〈R1/2|M∗〉median across the
M∗− range of the threshold sample.
In addition to stellar mass, wp(rp) depends on galaxy
color (e.g., Zehavi et al. 2011). Thus, we will also consider
the dependence of clustering on galaxy size while controlling
for color. Observations of clustering exhibited by subsamples
split in stellar mass and color are presented in §4.4.
3 GALAXY-HALO MODEL
3.1 Abundance Matching
We map M∗ onto subhalos using deconvolution abundance
matching (SHAM). See Section 3.3 of Behroozi et al. (2010),
or the appendix of Kravtsov et al. (2014), for an account
of the mathematics underlying this technique in the pres-
ence of scatter. To perform the abundance matching, we
use the publicly available code3 developed by Yao-Yuan
3 https://bitbucket.org/yymao/abundancematching
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Figure 1. Definition of “small” and “large” galaxies. For a volume-limited SDSS galaxy sample defined by M∗ > 1010.25M,
the top panel visually demonstrates how we classify galaxies into “small” and “large” subsamples in an M∗-dependent manner. As
described in detail in §2.1, we compute the median value 〈R1/2|M∗〉median at the stellar mass of each galaxy in the sample, and divide
the sample into two based on this M∗−dependent cut. The bottom left panel compares the stellar mass functions φ(M∗) of the two
samples, confirming that our method for separating “small” from “large” galaxies yields subsamples with statistically indistinguishable
φ(M∗). The bottom right panel shows histograms of R1/2 for the two subsamples, which partially overlap due to the stellar mass range
spanned by the sample.
Mao (Lehmann et al. 2017) that provides a python wrap-
per around the C kernel developed in Behroozi et al. (2010).
For the subhalo property used in SHAM, we use Mpeak, the
largest value of Mvir ever attained by the subhalo through-
out the entire history of the main progenitor halo. Using the
stellar mass function provided in Moustakas et al. (2013),
we model M∗ as a log-normal distribution with 0.2 dex of
scatter about the median relation 〈M∗|Mpeak〉median deter-
mined by SHAM (Reddick et al. 2013). As described in the
appendix, we include a prescription for supplementing the
ordinary Rockstar subhalo catalog with disrupted subhalos,
so that some of our model galaxies inhabit subhalos that are
no longer resolved and do not appear in the standard pub-
licly available catalog (“orphan galaxies”).
Figure 2 shows that our implementation of SHAM pro-
duces model galaxies whose projected clustering is in reason-
ably good agreement with SDSS galaxies. We note, however,
that small-scale clustering shows mild ∼ 10 − 20% tension
at stellar mass M∗ & 1010.75M, and similarly on all scales
for the M∗ & 109.75M sample, although the statistical sig-
nificance of this discrepancy is likely rather mild due to the
sample variance of SDSS galaxies with z . 0.05.
3.2 Galaxy size models
Our primary results in §4 show predictions for the
R1/2−dependence of galaxy clustering for two classes of em-
pirical models, described in turn in the two subsections be-
low.
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Figure 2. Abundance matching clustering predictions.
We show the M∗−dependence of projected galaxy clustering,
wp(rp), comparing standard abundance matching to SDSS galax-
ies (see §3.1 for details). Each panel shows the comparison for
a volume-limited sample defined by a different M∗−threshold.
Black points with error bars show SDSS measurements; solid
black curves show the abundance matching prediction of our fidu-
cial model, which includes the effect of orphan subhalos (see Ap-
pendix A). Including orphans mitigates the discrepancy in the
clustering predicted by traditional, Mpeak−based SHAM, though
mild tension remains on small scales for M∗ & 1010.75M, and
on all scales for M∗ & 109.75M.
3.2.1 M∗-based model with satellite mass loss
In the first model we assume that stellar mass M∗ controls
R1/2. To implement this model, for simplicity we tabulate
〈R1/2|M∗〉median directly from the data, rather than pur-
sue a parametric form, so that this model reproduces the
observed R1/2 − M∗ relation by construction. In order to
ensure that the model has a level of scatter in R1/2 at fixed
M∗ that is comparable to the level reported in Somerville
et al. (2017), our model sizes are drawn from a log-normal
distribution with 0.2 dex of scatter centered at the observed
〈R1/2|M∗〉median.
It is natural to consider the possibility that stellar mass
is stripped from satellite galaxies after infall. The basis for
our implementation of this phenomenon is the fitting func-
tion presented in Smith et al. (2016), which was calibrated
by studying stellar mass loss in a suite of high-resolution hy-
drodynamical simulations. In this model, f∗ quantifies the
remaining fraction of stellar mass as a function of fDM, the
fraction of dark matter mass that remains after subhalo in-
fall:
f∗ = 1− exp(−14.2fDM). (1)
For fDM we use the ratio of present-day subhalo mass di-
vided by the peak mass, Mvir/Mpeak. If we denote the post-
stripping stellar mass as M ′∗, then we have M ′∗ ≡ f∗M∗,
where M∗ is given by the initial application of abundance
matching. We then calculate the post-stripping radius by in-
terpolating 〈R′1/2|M ′∗〉 directly from SDSS data. In this way,
we model satellite mass loss and size truncation in a manner
that mimics what is seen in hydrodynamical simulations. As
shown in Smith et al. (2016), stellar stripping in this model
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Figure 3. The black curve shows the median size-mass relation
of SDSS galaxies as measured in Meert et al. (2015). The two
gray bands enveloping the black curve show the 50% and 90%
percentile regions. The blue curve shows the Rvir−based model
in which 〈R1/2|Rvir〉median = 0.01Rvir (see Section 3.2.2 for de-
tails).
does not begin until fDM . 0.2, and in order for ∼ 50% of
stars to be stripped, the DM halo needs to be stripped to
∼ 5% of its initial mass.
3.2.2 Rvir−based model
As noted in §1, it was shown in Kravtsov (2013) that galaxy
sizes are on average proportional to the virial radius of their
host halo. Motivated by these results, we explore a model in
which R1/2 scales linearly with halo virial radius:4
R1/2 = 0.01Rvir (2)
For the virial radius of halos and subhalos, we use RMpeak :
the value of Rvir in physical units of kpc measured at the
time when halo mass reached its maximum, zMpeak . The
relationship between RMpeak ,Mpeak and zMpeak is given by
Mpeak ≡ 4pi3 R
3
Mpeak∆vir(zMpeak)ρm(zMpeak), (3)
where for ∆vir(zMpeak) we use the fitting function to the
“virial” definition used in Bryan & Norman (1998). This
modeling assumption effectively defines 〈R1/2|Mhalo〉median;
this relation defines the center of the log-normal distribution
with 0.2 dex of scatter that we use to generate a Monto Carlo
realization of the model population.
4 We note that the normalization factor in Kravtsov (2013) is
0.015, whereas our normalization is 0.01. The difference derives
from two factors: i. the choice of halo radius definition: Bryan
& Norman (1998) in the present work, compared to the 200c
definition used in Kravtsov (2013); ii. the latter study used de-
projected (larger) sizes for spheroidal galaxies, whereas we make
no such correction here. See §7 for further discussion.
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Figure 4. R1/2−dependence of galaxy clustering: comparison to Rvir-based model. Red and blue points with error bars show
our SDSS measurements of the clustering of small and large galaxies, respectively. For each volume-limited sample of M∗−complete
galaxies, the small and large subsamples have identical stellar mass functions, as shown in Figure 1. Small galaxies cluster much more
strongly relative to large galaxies of the same stellar mass. Solid curves show the clustering predictions of the Rvir−based model
described in §3.2.2. The Rvir−based model inherits the shortcoming of ordinary abundance matching shown in Figure 2, although the
model faithfully captures the relative clustering of small vs. large galaxies, as shown in Figure 5.
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Figure 5. R1/2−dependence of galaxy clustering: comparison to Rvir-based model. Closely related to Figure 4, y-axes show
clustering strength ratios, defined as δwp/wp ≡ (wlargep − wsmallp )/wallp . Thus a y-axis value of −0.5 corresponds to small galaxies being
50% more strongly clustered than large galaxies of the same stellar mass. Solid curves show predictions of the Rvir−based model described
in §3.2.2. Normalizing the measurements and predictions by wallp scales away the shortcoming of ordinary abundance matching (see Figure
2), highlighting the successful prediction of the Rvir−based model for the R1/2−dependence of galaxy clustering.
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4 RESULTS
4.1 Size-Mass Scaling Relation
In Figure 3 we show the scaling of galaxy size R1/2 with
M∗. The black curve enveloped by the gray bands shows
the scaling relation for SDSS galaxies, while the blue curve
shows the median relation 〈R1/2|M∗〉median predicted us-
ing the Rvir−based model described in §3.2.2. While the
curvature of the median relation in the model is slightly
weaker than SDSS, this figure shows that models in which
R1/2 ∝ Rvir can nonetheless match the observed R1/2 −M∗
relation remarkably well given only a single parameter, con-
firming the results of Kravtsov (2013) in a forward modeling
context.
4.2 Size-Dependent Clustering Measurements
In Figure 4, we present new measurements of the
R1/2−dependence of projected galaxy clustering, wp(rp).
We measure wp(rp) separately for large and small subsam-
ples for four different M∗ thresholds: an M∗ > 109.75M
sample with zmax = 0.0435 and Ngal = 27658; an M∗ >
1010.25M sample with zmax = 0.0663 and Ngal = 48571; an
M∗ > 1010.75M sample with zmax = 0.1 and Ngal = 52350;
and an M∗ > 1011M sample with zmax = 0.1 and Ngal =
33578. For each threshold, we split the galaxies into “large”
and “small” subsamples, as described in §2.1. As shown in
Figure 1, our size-based samples have similar stellar mass
functions. Red points with jackknife-estimated error bars
show SDSS measurements of wp(rp) for samples of small
galaxies, while blue points show the measured correlation
functions for samples of large galaxies. Solid curves show wp
as predicted for these subsamples by the Rvir−based model
of galaxy sizes described in §3.2.2.
The salient feature of these clustering measurements is
that small galaxies cluster more strongly than large galaxies
of the same stellar mass in all but the largest M∗ samples.
Remarkably, both the trend and the quantitative difference
in the shape of the correlation functions of small and large
galaxy samples are reproduced by the Rvir−based model.
This may be surprising, since R1/2 ∝ Rvir, halo mass Rvir ∝
M
1/3
halo, and clustering strength of halos increases with Mvir.
Based on this simple argument, one would expect that large
galaxies would be the more strongly clustered. We provide a
resolution to this conundrum in §5.1. However, before doing
so, we first examine the clustering test of the Rvir−based
model in more detail.
As shown in Figure 2, the abundance matching pre-
diction for wp(rp) exhibits tension with SDSS observations
at the 10 − 20% level. This tension is inherited by our
Rvir−based model for size, which is the subject of this work,
and so we wish to compare our size models to data in such a
way that minimizes the role played by the underlying stellar-
to-halo-mass relation. We accomplish this using the R1/2
clustering ratios, described below.
For each volume-limited M∗−threshold sample, we ad-
ditionally measure wp(rp) without splitting on size, giving
us measurements wallp , wlargep , and wsmallp for each thresh-
old sample. This allows us to compute the ratio (wlargep −
wsmallp )/wallp , which we refer to as the R1/2 clustering ra-
tio. These ratios, denoted as δwp/wp, are the measurements
appearing on the y-axis in each panel of Figure 5. As a
specific example, a clustering ratio of −0.5 corresponds to
small galaxies being 50% more strongly clustered than large
galaxies of the same stellar mass.
The points and curves in Figure 5 are almost all neg-
ative: small galaxies cluster more strongly relative to large.
This presentation of the measurement makes it clear that the
underlying signal of R1/2−dependent clustering is strongest
for samples with smaller stellar mass; as M∗ increases, the
signal weakens and nearly vanishes for M∗ & 1011M. Strik-
ingly, the Rvir−based model reproduces this M∗−dependent
behavior, as well as the scale-dependence of the observed
clustering signal at each M∗. As described in §5.1 below,
we attribute the success of this prediction to the systematic
difference between the sizes of central and satellite galaxies.
4.3 Testing the Impact of Satellite Mass Loss
Figure 6 is analogous to Figure 5, but instead compares
observed clustering ratios to those predicted by models in
which galaxy size is controlled by M∗ (§3.2.1). Green solid
lines show predictions of the M∗-based model that does not
account for mass loss due to tides. In this model,R1/2 follows
a purely random log-normal distribution, with the median
relation 〈R1/2|M∗〉median directly matched to the observed
relation by construction. This model thus predicts no depen-
dence of galaxy clustering upon R1/2 at fixed M∗, simply
because the scatter of R1/2 about 〈R1/2|M∗〉median is uncor-
related with any other variable. The figure shows that this
model clearly is at odds with the significant dependence of
clustering on size exhibited by SDSS galaxies.
Including satellite mass loss in the model introduces
correlations in the scatter: after mass loss, satellites have
smaller sizes than centrals of the same M∗ due to post-
infall tidal stripping. The purple curves in Figure 6 show
that satellite mass loss impacts R1/2−dependent clustering
in the expected manner. The “small” galaxy population has
a higher satellite fraction due to satellites being smaller than
centrals of the same M∗, and so in this model small galaxies
cluster more strongly relative to large. However, the magni-
tude of the effect is not sufficiently strong to produce clus-
tering predictions that are consistent with observations.
Due to the shape of dR1/2/dM∗, low-mass satellites
have to lose much more halo mass than high-mass satel-
lites in order to get pushed into the small-R1/2 sample.
Thus even though there are more satellites at lower masses,
the shape of dR1/2/dM∗ counteracts this trend, making the
mass-dependence of the observed signal shown in Figure 6
difficult to explain by appealing to tidal stripping. Evidently,
it is difficult to strip enough mass from satellites so that
the R1/2−dependent clustering predictions are in agreement
with observations. We reach the same conclusion when we
tested an even more extreme M∗−stripping model, in which
stellar mass loss is linearly proportional to halo mass loss
(Watson et al. 2012, Model 1). As we argue in §5, this sup-
ports the conclusion that the relative difference between me-
dian sizes of central and satellite galaxies is largely in place
at the time of satellite infall.
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Figure 6. The subdominant role of tidal stripping. In all panels, the axes and points with error bars are the same as in Figure
5. The solid green curves show the prediction of a model where R1/2 is statistically set by M∗, in the complete absence of satellite
mass loss. Such a model predicts zero R1/2−dependence to galaxy clustering, in gross tension with observations. The solid purple curves
show results for a model in which satellites lose mass after infall in a manner similar to what is seen in high-resolution hydrodynamical
simulations, as described in §3.2.1. This produces satellites that are smaller than centrals, but the effect is too mild to correctly capture
the observed clustering. Evidently, satellite-specific mass stripping plays a sub-dominant role in setting the relative size of centrals and
satellites.
4.4 The Role of Galaxy Color
We now examine how galaxy clustering depends on size
when we control both for stellar mass and color dependence
of galaxy clustering. Using a volume-limited galaxy sample
with 109.75M < M∗ < 1010.25M, we first divide the sam-
ple into “red” and “blue” subsamples using g−r = 0.65 as a
boundary, which approximately corresponds to the trough of
the green valley for this stellar mass. For each color-selected
subsample, we separately measure 〈R1/2|M∗; red〉median and
〈R1/2|M∗; blue〉median, and use these median size relations
to split each subsample into two.
Figure 7 shows the clustering of large vs. small galax-
ies, separately for red and blue samples. For each color-
selected sample, large galaxies are slightly more strongly
clustered relative to small galaxies. Comparing Figure 7 to
the the upper right panel of Figure 4 shows the size depen-
dence for color-selected samples is dramatically weaker. For
M∗−complete samples, small galaxies cluster much stronger
than large galaxies; for color-selected samples, the reverse is
true, but the difference is much smaller and is confined to a
limited range of scales. Although the two results may seem
surprising, even contradictory, they can, in fact be explained
within a simple, unified model, as will be discussed in §5.
5 A UNIFIED INTERPRETATION OF
R1/2−DEPENDENT CLUSTERING
In the previous section, comparing model predictions to the
observed size dependence of galaxy clustering produced two
intriguing results. First, the model that assumes R1/2 ∝ Rvir
predicts with remarkable accuracy the dependence of both
the amplitude and shape of size-dependent galaxy correla-
tion functions, especially considering that the model nomi-
nally has only one free parameter: the normalization of the
linear R1/2−Rvir relation. At the same time, small galaxies
cluster more strongly relative to large, which seems at odds
with intuitive expectations that, within such a model, larger
sizes correspond to larger halo masses, Rvir ∝ M1/3vir ; thus
naively, galaxies with larger sizes should be more strongly
clustered, not less. Second, the strong dependence of galaxy
clustering on size weakens to almost no dependence for sam-
ples of red and blue galaxies selected by color within a given
stellar mass range. Below, in §5.1, we propose a simple and
unified explanation of all these results within the Rvir-based
size model; we discuss the broader implications of our inter-
pretation in §5.2.
5.1 The Relative Size of Centrals vs. Satellites
Recall that in the Rvir-based size model, galaxy size is pro-
portional to the physical size of halo virial radius at zMpeak ,
the redshift when the halo attained its maximum mass. Thus
we can expect that in this model, satellite galaxies will have
smaller sizes than central galaxies hosted by halos of simi-
lar mass. Indeed, Figure 8 shows the R1/2 distributions of
central, satellite, and “splashback” central galaxies living
in subhalos of the same mass, Mhalo ≡ Mpeak ≈ 1012M.
A “splashback central” is defined as a present-day central
galaxy that used to be a satellite, i.e., its main progenitor
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Figure 7. Distinct R1/2−dependence of clustering for
color-selected galaxy samples. Projected clustering of SDSS
galaxies in the bin of stellar mass: 109.75 < M∗/M < 1010.25.
For both “blue” and “red” samples, we first divide SDSS galax-
ies falling in the M∗ bin based on a color cut at g − r =
0.65. We then subsequently compute 〈R1/2|M∗; red〉median and
〈R1/2|M∗; blue〉median. In analogy to the bottom left panel of
Figure 1, for each of the red and blue samples, the small and
large subsamples have statistically indistinguishable stellar mass
functions. We then measure wp for each of the four subsamples;
jackknife-estimated errors are shown alternately using error bars
and shaded bands, as specified in the legend. At this stellar mass,
pre-selecting galaxy samples by color results in a dramatic weak-
ening of the R1/2−dependence of wp relative to M∗−complete
samples, as well as a sign-reversal of the signal. In §5 we give a
simple halo model picture unifying the trends shown here with
those illustrated in Figure 5.
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Figure 8. Relative sizes of centrals and satellites. In a
narrow bin of subhalo mass Mhalo ≡Mpeak ≈ 1012M, we show
the distribution of galaxy sizes for different subpopulations, as
predicted by the Rvir−based model. The red distribution shows
the sizes of satellites; the blue distribution shows host halos that
have never passed inside the virial radius of a larger halo (“true
centrals”); the green distribution host halos that were subhalos
inside a larger halo at some point in their past history (“splash-
back centrals”). In the Rvir−based model, galaxy size is set by
the physical size of the virial radius at the time the halo attains its
peak mass, naturally resulting in smaller sizes for satellites and
splashback centrals relative to true centrals of the same mass.
halo passed inside the virial radius of a larger halo at some
point in its past history. On the other hand, we define a “true
central” as a galaxy that has never been a satellite. The fig-
ure shows that there is a clear trend of sizes decreasing from
the central to splashback to satellite galaxies.
In the Rvir−based model, satellites and splashback
galaxies are smaller than centrals of the same halo mass due
to the physical size of their halo being smaller at earlier times
zMpeak . There are two distinct reasons why this feature re-
sults in small galaxies being more strongly clustered relative
to larger galaxies of the same mass. First and foremost, satel-
lite galaxies statistically occupy higher mass host halos that
are more strongly clustered. So in models where satellites
are smaller than centrals of the same mass, smaller galaxies
will have a higher satellite fraction, boosting the clustering
of small relative to large galaxies of the same stellar mass.
Second, at fixed mass, halos of L∗ galaxies that form ear-
lier are more strongly clustered, a phenomenon commonly
known as halo assembly bias (Gao et al. 2005; Wechsler et al.
2006). Splashback halos are typically earlier-forming than
true centrals (Wang et al. 2009), and so models where splash-
back halos host smaller-than-average galaxies will naturally
predict smaller galaxies being the more strongly clustered
(see, e.g., Sunayama et al. 2016, for a demonstration of the
splashback-dependence of halo clustering).
We can also understand how the observed
R1/2−dependent clustering scales with M∗ (shown by
comparing different panels in Figure 5) in terms of the
different sizes of centrals and satellites. The satellite fraction
Fsat(M∗) decreases as M∗ increases (e.g., Guo et al. 2011;
Reddick et al. 2013). As Fsat decreases, there are fewer
satellites available to preferentially weight the subsample of
smaller galaxies. Thus, high-M∗ samples consist mostly of
central galaxies, and the split by size no longer corresponds
to the split into satellite- and central-dominated samples.
The size-dependence of clustering correspondingly weakens
and nearly disappears for samples with large M∗.
Likewise, the significantly weaker dependence of clus-
tering on size for color-selected samples (Figure 7), and its
reversed sign, may be explained by the same principles. It
is well known that satellites are redder than centrals of the
same stellar mass (e.g., van den Bosch et al. 2008), and that
the clustering differences between red and blue galaxies can
be understood in terms of red satellites preferentially occu-
pying high-mass halos (e.g., Zehavi et al. 2011). Pre-selecting
galaxies by color then absorbs much of the potential effect
that can be reaped by central vs. satellite differences, and so
the relative clustering of centrals becomes more important.
In the limit that size-dependent clustering is dominated by
centrals, the Rvir-based size model predicts that large galaxy
samples should be (weakly) more clustered than small ones,
because R1/2 ∝ Rvir ∝ M1/3halo. This is the trend seen in the
clustering measurements shown in Figure 7.
While we consider such a conjecture plausible, a conclu-
sive confirmation requires proper forward modeling of size
and color jointly. Such an effort is well motivated by our
results, but is beyond the scope of the present work.
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5.2 Broader Implications
The success of the Rvir-based model in predicting the size
dependence of galaxy clustering may be explained if the sizes
of all galaxies, red, blue, spheroid, disks, satellites and cen-
tral, are, on average, proportional to the RMpeak , the physi-
cal size of the virial radius at the time at which Mhalo stops
growing. Although correlation is not necessarily causation,
such a universal and simple dependence poses a useful chal-
lenge to fine-grained galaxy formation models, as it indicates
a tight connection between the growth of galaxies and their
host halos.
The Rvir-based size model assumes as an ansatz that
galaxy size remains approximately constant after its halo
stops growing; as shown in Figure 5, this assumption is con-
sistent with the observed size-dependence of galaxy cluster-
ing in SDSS. The halos of typical satellites reach Mpeak far
outside the virial radius of their ultimate host halo (Behroozi
et al. 2014), and so in the Rvir−based model the size differ-
ence between satellites and centrals is largely in place prior
to the time of satellite infall. Halos of central and satellite
galaxies of the same M∗ differ in the epoch zMpeak at which
their halo stopped growing, and this difference gives a nat-
ural explanation for their different median sizes.
This difference also explains the relative trends of
R1/2 −M∗ relations for red and blue, or disk and spheroid
galaxies. Both types of galaxies exhibit weak dependence of
R1/2 on M∗ at M∗ . 5× 1010 M and at these masses R1/2
of disks is a factor of two larger than those of spheroids.
At larger masses, the sizes of galaxies of both types show
stronger dependence on M∗, and the difference in median
size of disk and spheroid galaxies decreases (e.g., Bernardi
et al. 2014).
In the Rvir-based size model, the weak dependence
of R1/2 on M∗ for low-mass galaxies is due to the steep
M∗−Mvir relation. For example, if M∗ ∝Mαvir ∝ R3αvir, then
R1/2 ∝ Rvir ∝ M1/(3α)∗ . Given that α ∼ 1 − 3 is inferred
for the M∗ −Mvir relation at low masses (Kravtsov 2010;
Moster et al. 2013; Behroozi et al. 2013; Kravtsov et al.
2014), the R1/2 −M∗ relation in this regime is expected to
be shallow. For galaxies of M∗ & 5×1010 M, α ≈ 0.3 (e.g.,
Kravtsov et al. 2014), and thus the slope of the R1/2 −M∗
relation is approximately linear. These trends of R1/2 with
M∗ have a direct relation to the trends of surface bright-
ness µ? = M∗/(2piR21/2) with stellar mass (see, for exam-
ple, the µ?−dependent clustering measurements in Li et al.
2006, which are qualitatively similar to the measurements
reported here).
The difference in median sizes of disk and spheroidal
galaxies at M∗ . 1011 M can be explained by the sizes of
satellite galaxies being systematically smaller than the sizes
of central galaxies of the same M∗, coupled with the fact
that the satellite fraction is much larger among spheroidal
galaxies compared to disk galaxies. For example, the analysis
in Rodr´ıguez-Puebla et al. (2015) shows that in this regime,
the satellite fraction of blue galaxies is only ∼ 10 − 20%,
while the satellite fraction of red galaxies is & 30 − 50%,
increasing with decreasing stellar mass. As M∗ increases, the
satellite fractions of both blue and red galaxies drop, and at
M∗ & 1011 M, the vast majority of blue and red galaxies
are centrals. If these galaxies occupy similar halo masses
at the same M∗, then the Rvir-based size model predicts
that the difference in sizes of red and blue galaxies should
disappear at these masses, as is indeed observed. A testable
prediction of this picture is that when 3D (de-projected)
sizes of only central red and blue galaxies of the same M∗
are compared, the sizes should be much closer than the sizes
of the overall red and blue populations.
In any model where galaxy R1/2 co-evolves with halo
Rvir, the choice of halo boundary definition necessarily im-
pacts the model prediction. Since the clustering of halos
has non-trivial dependence upon halo definition (Villarreal
et al. 2017), then measurements of galaxy clustering may be
able to observationally distinguish a particular halo bound-
ary that is most closely connected to galaxy size. The red-
shift evolution of the relationship between Mhalo and Rvir
also varies with halo definition, and so measurements of
R1/2−dependent clustering across redshift may provide a
further observational handle on the halo radius definition
that best predicts galaxy size.
6 RELATION TO PREVIOUS WORK
Numerous previous analyses have employed the Yang et al.
(2005) group catalog to study the relationship between
galaxy mass, size, and environment. For example, by treat-
ing observed groups as genuine dark matter halos, several
analyses have found that the M∗ − R1/2 relation of early-
type galaxies exhibits weak, if any, environmental depen-
dence (Weinmann et al. 2009; Huertas-Company et al. 2013;
Shankar et al. 2014).
Group-finding methods are subject to significant sys-
tematics, the most severe of which are caused by the fractur-
ing of a massive halo’s galaxies into multiple small groups,
and the fusing of small halos into an apparently large
group (Duarte & Mamon 2014). As shown in Campbell
et al. (2015), these effects can significantly bias attempts
to infer trends in the galaxy–halo connection directly from
group catalogs. The chief source of these biases is that
the frequency of fracturing and fusing has significant de-
pendence upon large-scale density, as do galaxy proper-
ties such as color and morphology. The correlation between
group misidentification rate and galaxy properties would be
quite challenging to model analytically, but these system-
atics damage the robustness of the inference: contemporary
algorithms generically wash out differences between centrals
and satellites; trends can even be artificially created that are
not truly present.
Our forward modeling inference technique is not sub-
ject to such systematics because our methods are entirely
outwith the group-finding framework, and so it is encour-
aging that our conclusions are commensurable with group-
based results. Once galaxies have been color-selected, Figure
7 shows that the observed clustering trends nearly vanish in
magnitude, and reverse sign. Insofar as blue galaxies are
largely disk-dominated, our clustering results in Figure 7
are also consistent with the disk model presented in Dutton
et al. (2007, 2011), which predicts that at fixed stellar mass,
there is weak, positive correlation between disk size and halo
mass. Our conclusions are also qualitatively consistent with
Spindler & Wake (2017), who find that centrals in the Yang
et al. (2005) group catalog are ∼ 20−25% larger than satel-
lites of similar halo mass (using stellar velocity dispersion
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Figure 9. Prediction for R1/2−dependence of galaxy lensing. Using the Rvir−based model described in §3.2.2, in the left panels
we show predictions for future measurements of the R1/2−dependence of galaxy lensing of M∗−complete samples, where “small” and
“large” subsamples are defined as in §2.1. To date, the R1/2−dependence of ∆Σ has only been measured for color-selected samples
(Charlton et al. 2017), in which the observed trends are reversed and weaker than those predicted here: for both blue and red samples
in CFHTLenS, the observed ∆Σ of large galaxies is (slightly) stronger relative to small galaxies. As a generic consequence of satellites
being smaller than centrals of the same mass, we predict that future lensing measurements of M∗−complete samples will show that ∆Σ
of small galaxies is significantly stronger relative to large galaxies of the same stellar mass M∗ . 1011M. We additionally predict that
at sufficiently large mass M∗ & 1011M, the trend of small-scale ∆Σ with R1/2 reverses sign. The right panels display the physical
explanation for this prediction. For M∗ . 1011M, satellites preferentially populating the small sample heavily weight high-mass halos,
boosting the lensing signal on all scales. For M∗ & 1011M, when Fsat . 10%, central galaxies dominate the signal, and the Rvir−based
model predicts that R1/2 increases with Mhalo for centrals. See §6 for further details.
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as an observational proxy for halo mass); we find the same
trend at a comparable, if slightly larger magnitude.
The R1/2−dependence of galaxy lensing has recently
been measured using CFHTLenS observations (Heymans
et al. 2012; Erben et al. 2013). For both red- and blue-
sequence galaxies, it was found in Charlton et al. (2017) that
the lensing signal, ∆Σ, of large galaxies is slightly stronger
relative to smaller galaxies. This result is in good agreement
with the clustering measurements in Figure 7, which show
the same trend.
To date, the R1/2−dependence of ∆Σ has not yet been
measured for M∗−complete samples. In the left panels of
Figure 9, we show predictions of the Rvir−based model
for future measurements of ∆Σ. The halo model princi-
ples underlying the lensing trends are the same as for wp.
For M∗ . 1011M, the difference in Fsat between small
and large samples is the dominant factor; satellites occupy
higher mass host halos relative to centrals of the same stellar
mass, boosting ∆Σ for small relative to large galaxy sam-
ples. At sufficiently large stellar mass M∗ & 1011M, when
Fsat . 10− 15%, the role of centrals becomes dominant; the
Rvir−based model predicts that Mhalo increases with R1/2
for centrals, which is reflected in the reversal of the small-
scale signal in the bottom left panel.
The right panels of Figure 9 compare the distributions
of host halo mass,Mhost, for small and large samples; for cen-
trals, Mhost = Mhalo, while for satellites, Mhost is the virial
mass of the parent halo. The peak of each distribution arises
from central galaxies, while the long tail at large values of
Mhost is due to satellites. At all stellar masses, the distribu-
tions in blue peak at slightly larger Mhost relative to the red;
this is because the Rvir−based model predicts that Mhalo in-
creases with R1/2 for centrals. For M∗−complete samples,
this effect only becomes dominant when the satellite fraction
drops to sufficiently small values. Qualitatively, these fea-
tures are completely generic predictions of the Rvir−based
model; quantitatively, the precise value of M∗ where the ef-
fect of centrals begins to dominate ∆Σ depends sensitively
on Fsat(M∗), which we have only roughly calibrated in the
present work.
Our methodology is closely aligned with Somerville
et al. (2017), who studied the empirical modeling features
that are necessary to recover the tight scatter in the ob-
served 〈R1/2|M∗〉 relation. By building models where R1/2
is set by halo spin λhalo, it was found in Somerville et al.
(2017) that the level of intrinsic scatter about 〈λhalo|Mhalo〉
in dark matter halos is at least as large as the scatter about
〈R1/2|M∗〉 seen in observed galaxies. In our approach, the
level of scatter is simply a modeling parameter whose fidu-
cial value was motivated by Somerville et al. (2017). In on-
going follow-up work discussed in §7, we will systematically
test the large-scale structure implications of the assumption
that Rdisk1/2 ∝ λhalo using forward-modeling methods analo-
gous to those advocated for in Somerville et al. (2017) and
employed here.
7 FUTURE DIRECTIONS FOR EMPIRICAL
MODELING OF GALAXY SIZE
This work is intended to serve as a pilot study in
which we identify the chief ingredients that influence the
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Figure 10. Scaling relation for hydro sims and SAMs. As
a function of subhalo mass Mhalo = Mpeak, we show the ratio of
mean satellite-to-central size predicted by the Rvir−based model.
This scaling relation should be a useful guideline for more fine-
grained physical models of galaxy size that wish to reproduce the
observed R1/2−dependence of galaxy clustering.
R1/2−dependence of galaxy clustering. While our results
suggest that sizes of galaxies are linearly correlated with the
virial radius of halos at the moment the halo mass reached
its peak, and also that sizes of satellite galaxies were set
prior to infall, our model does not capture galaxy properties
and their trends in full quantitative detail. For example, the
clustering ratios of this model shown in Figure 5 do capture
the overall trends, but do not match the observed cluster-
ing statistics at the level of reduced χ2 ≈ 1. For present
purposes, we have chosen to focus on exploring bracketing
cases of qualitative ingredients, rather than fine-tuning the
model.
Since the clustering signal is strongly influenced
by differences between centrals and satellites, then the
satellite fraction Fsat(M∗) plays an important role in
R1/2−dependent clustering. Even for fixed scaling rela-
tions 〈Rcens1/2 |Mhalo〉median and 〈Rsats1/2 |Mhalo〉median, mod-
els with different satellite fractions will exhibit distinct
R1/2−clustering ratios, because Fsat(M∗) controls the rel-
ative weighting of the two populations. An explicit demon-
stration of this point appears in the Appendix, which repeats
the analyses in the main body of the text, but for a subhalo
catalog with no orphan correction (and therefore a different
satellite fraction).
On the one hand, this degeneracy with the satellite frac-
tion is unfortunate, because it means galaxy size does not
leave a pure and unique signature on R1/2−clustering ra-
tios. However, this can also be viewed as an opportunity
to extract tighter constraints on Fsat(M∗), which are sorely
needed to discriminate between competing models (Wat-
son & Conroy 2013). Traditional galaxy clustering is al-
ready being used to validate and/or fit models of the stellar-
to-halo-mass relation (e.g., Leauthaud et al. 2012; Moster
et al. 2010; Behroozi et al. 2013; Lehmann et al. 2017).
Based on our results, we advocate that empirical models
for 〈M∗|Mhalo〉 be supplemented with additional model in-
gredients for 〈R1/2|Mhalo〉median, and that the parameters
of the composite model be jointly constrained by measure-
ments of the stellar mass function, M∗−dependent cluster-
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ing, and R1/2−dependent clustering. Because the number of
free parameters required to additionally model galaxy size
are so few, such analyses will be able to exploit the addi-
tional statistical leverage provided by the R1/2−dependence
of wp(rp) to significantly improve constraints on Fsat(M∗),
without any appeal to a group-finder.
In ongoing follow-up work, we are extending the current
analysis by jointly modeling stellar mass and size together
with a bulge/disk decomposition of model galaxies quanti-
fied by B/T, the fraction of the total stellar mass in the
bulge. Forward modeling methods for B/T offer potential to
significantly improve upon several aspects of current anal-
ysis techniques. For example, two-dimensional (projected)
sizes of observed galaxies are sometimes de-projected to es-
timate three-dimensional sizes; such a correction applied to
the data requires treating disk-dominated and spheroidal
systems separately. The forward modeling approach trans-
forms this correction into parameterized inference: three-
dimensional sizes of disk and bulge components are mod-
eled separately and mapped onto dark matter halos; the
projected size of model galaxies can then be computed self-
consistently with the modeled value of B/T, permitting a
more rigorous, “apples-to-apples” comparison to observa-
tions of projected size. This follow-up analysis will also help
robustly quantify the extent to which the “cause” of satel-
lites being smaller than centrals is due to differences in B/T.
Figure 10 shows that satellites in Mhalo ≈ 1012M halos
are ∼ 25 − 40% smaller than their central galaxy counter-
parts. Since the satellite fraction varies quite significantly
with morphology and/or color, we have demonstrated that
it is entirely plausible that most of the observed environmen-
tal trends of galaxy size can be understood simply in terms
of central vs. satellite size differences. These differences are
likely not driven by satellite-specific processes inside host ha-
los, but instead are primarily due to the fact that satellites
have reached their peak mass at higher redshifts than cen-
trals. While it remains to be seen whether these statistical
principles alone are sufficient to capture all the elementary
trends that galaxy two-point functions exhibit with galaxy
size, morphology and color, one thing is now clear: it is not
possible to reliably analyze environmental trends of galaxy
R1/2 without properly accounting for satellites.
8 CONCLUSIONS
We have presented new measurements of the dependence of
projected galaxy clustering, wp(rp), upon galaxy size and
stellar mass, and used forward-modeling methods based on
Halotools to identify the basic ingredients that influence
the signal. We conclude with a brief summary of our primary
findings:
(i) Small galaxies cluster more strongly than large galax-
ies of the same stellar mass. Differences between the clus-
tering of small and large galaxies increase on small scales
rp . 1Mpc, and decrease with increasing stellar mass (see
Figure 4).
(ii) The most important factor influencing the clustering
signal is the relative size of central and satellite galaxies.
The magnitude, scale-dependence, and M∗−dependence of
R1/2−dependent clustering provides strong evidence that
satellite galaxies are smaller than central galaxies of the
same halo mass.
(iii) A simple empirical model in which R1/2 is propor-
tional to halo Rvir at the time when halo mass reached its
maximum reproduces the size-dependence of SDSS galaxy
clustering in striking detail (see Figure 5).
(iv) Models in which R1/2 is regulated by M∗, rather than
Mhalo, are grossly discrepant with the observed wp(rp), even
when accounting for satellite mass stripping (see Figure 6).
(v) Taken together, our findings indicate that satellite-
specific processes play a sub-dominant role in setting the
different sizes of centrals and satellites; the sizes of satellite
galaxies instead appear to be largely predetermined at the
time of their infall.
(vi) The Rvir-based size model that reproduces the ob-
served wp(rp) makes an unambiguous prediction for future
observations of galaxy-galaxy lensing: for M∗−selected sam-
ples, ∆Σ should be much stronger for small galaxies relative
to large (see Figure 9). The strength of the predicted differ-
ence in ∆Σ makes this test well within reach of numerous
present-day imaging surveys.
We view the present work as a pilot study that mo-
tivates a Bayesian inference program to tightly constrain
the galaxy size-halo connection with forward modeling tech-
niques, in direct analogy to the literature on the stellar-
to-halo-mass relation. Our results provide an integral con-
straint for more complex and fine-grained models of galaxy
size, such as semi-analytic models and hydrodynamical sim-
ulations. For convenience, Figure 10 provides a simple sum-
mary statistic that can be used as a diagnostic for calibrating
alternative modeling efforts.
Our python code has been publicly available on
GitHub5 since the inception of the project; we intend for
this code to provide a simple means for cosmological sur-
veys to generate synthetic galaxy populations with realistic
sizes across the cosmic web. Tabulations of our clustering
measurements, as well as catalogs of z = 0 model galax-
ies with M∗ and R1/2, will be made publicly available upon
publication; prior to that time, our measurements and mock
data are available upon request.
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APPENDIX: TREATMENT OF DISRUPTED
SUBHALOS
Recent results indicate that some portion of subhalos may
be artificially disrupted (Guo & White 2014; Campbell et al.
2017). To address this possibility in our modeling, we use an
extension of Consistent Trees that models the evolution of
subhalos after disruption. The phase space evolution of dis-
rupted subhalos is approximated by following a point mass
evolving in the host halo potential according to the orbital
parameters of the subhalo at the time of disruption; the evo-
lution of subhalo mass and circular velocity is approximated
using the semi-analytic model presented in Jiang & van den
Bosch (2014). We then use the extract orphans program
in UniverseMachine to walk through all the Bolshoi-Planck
hlist files, yielding the main progenitor information of ev-
ery subhalo that was ever identified by Consistent Trees.
In our initial application of deconvolution abundance
matching we derive the M∗−Mpeak relation using all subha-
los, including those that were initially considered disrupted.
We then apply a selection function to the disrupted sub-
halos, so that a fraction of these objects will host model
galaxies. We refer to this as the orphan selection function,
Forphan, which we consider to be an integral component of
our application of abundance matching. Once Forphan has
been applied, the assemblage of calculations described above
provides values of Mpeak, zMpeak , andMvir for disrupted sub-
halos, which are the only properties needed to apply either
the Rvir−based or M∗−based size model.
In this appendix, we present two distinct choices for
the orphan selection function, described in detail below. For
the results in the main body of the text, we have opted
for the simplest parameterization we could find that yields
reasonably accurate recovery of the galaxy clustering signal
observed in SDSS. While a rigorous calibration of Forphan is
beyond the scope of the present work, we point out that a
systematic study of subhalo disruption is needed to conduct
the program discussed in §7.
In both treatments studied here, we first discard or-
phan subhalos with Vmax/Vpeak < 0.1, so that the most dras-
tically disrupted subhalos remain unpopulated with galax-
ies. For our fiducial model used throughout the main body
of the text, Forphan is defined by randomly selecting half
of the orphan subhalos. For the alternative orphan selec-
tion function labeled as “Mhost−dependent orphans” in
this appendix, we proceed as follows. We model Forphan =
Forphan(Mpeak,Mhost), where Mpeak is the peak mass of the
disrupted subhalo, and Mhost is the present-day virial mass
of its z = 0 host halo. For the Mpeak−dependence, we se-
lect 50% of disrupted subhalos with Mpeak = 1011M, 0%
of subhalos with Mpeak = 1013M, linearly interpolating in
logMpeak for intermediate values of Mpeak. At each Mpeak,
the selection of disrupted halos is not random; instead, we
preferentially select the subhalos with larger Mhost, which
we intend to offset the difficulty of subhalo-finding algo-
rithms to identify subhalos with especially small values of
µ ≡Mpeak/Mhost.
Figure 11 illustrates the impact of the orphan selec-
tion function on the M∗−dependence of the satellite frac-
tion, Fsat, defined as the fraction of galaxies that are not
centrals. Both models that include disrupted subhalos re-
ceive a significant boost to Fsat due to orphan galaxies.
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Figure 11. Impact of orphans on Fsat. The y-axis shows the
fraction of galaxies that are not centrals, plotted as a function of
stellar mass M∗. Different curves show results for three different
choices for the treatment of disrupted subhalos, as indicated in
the legend and described in the text of the appendix.
The Mhost−dependent model suppresses the selection of dis-
rupted subhalos with larger values of Mpeak, resulting in a
milder boost to Fsat at large M∗.
Figure 12 shows how the treatment of orphans impacts
M∗−dependent clustering. Comparing either the black or
orange curves to the red curves shows that including or-
phans substantially boosts small-scale clustering due to the
increased satellite fraction. We show the impact of orphans
on R1/2−dependent clustering in Figure 13. As discussed in
§5.1, the value of Fsat modulates the magnitude of the in-
fluence of central/satellite size differences on wp; including
orphans thus boosts the clustering ratios δwp/wp. Because
we have not been systematic in the calibration of Forphan, we
adopt the simpler, random orphan selection as the fiducial
model shown in the main body of the text.
c© 0000 RAS, MNRAS 000, 000–000
16 Hearin, Behroozi, Kravtsov & Moster
100
101
102
103
w
p
[M
p
c]
M∗ > 9.75
Mhost-dependent orphans
fiducial orphan model
no orphans
SDSS
M∗ > 10.25
Mhost-dependent orphans
fiducial orphan model
no orphans
SDSS
0.1 0.3 1.0 3.0 10.0
r [Mpc]
100
101
102
103
w
p
[M
p
c]
M∗ > 10.75
Mhost-dependent orphans
fiducial orphan model
no orphans
SDSS
0.1 0.3 1.0 3.0 10.0
r [Mpc]
M∗ > 11.0
Mhost-dependent orphans
fiducial orphan model
no orphans
SDSS
Figure 12. Impact of orphans on M∗−dependent clustering. Identical to Figure 2, but including additional curves for the case
of Mhost−dependent orphan selection (orange curves), and no orphans at all (red curves).
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Figure 13. Impact of orphans on R1/2−dependent clustering. Identical to Figure 5, but including additional curves for the case
of Mhost−dependent orphan selection (orange curves), and no orphans at all (red curves).
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